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ABSTRACT

Surface Soil Moisture (SSM) is a key parameter of the global energy and water cycle and knowing its spatio-temporal variability is of key importance in an array of research topics and in several practical applications alike. Recent developments in Earth Observation (EO) have indicated that SSM can be retrieved from different regions of electromagnetic spectrum and numerous approaches have been proposed to facilitate this. Herein, are reviewed the SSM retrieval techniques exploiting optical and thermal EO data, including synergistic techniques with other types of EO datasets. The challenges and limitations of EO in this respect are also discussed, aiming in the end at providing a roadmap on which future research by the scientific community should be directed to provide more accurately estimates of SSM from space. A number of challenges still required to be addressed to allow deriving accurately SSM estimates using those specific types of EO data. It is also apparent that to satisfy the requirements for SSM information for many practical applications, efforts should be towards the investigation of the synergistic use of EO systems in deriving soil moisture for water resources applications. 
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1. INTRODUCTION
Soil moisture, the water contained in the Earth’s soil surface, can be broken up into surface soil moisture (SSM) content (defined as the water contained at the first 5 cm of the soil depth) and root zone soil moisture content (defined as the water content contained below 5 cm soil depth) (Figure 1). SSM is expressed as either a dimensionless ratio of two masses (gravimetric) or two volumes (volumetric), or as a ratio of a mass per unit volume. Accurate information on soil moisture is of key importance given its relevance to numerous physical processes occurring in the hydrosphere, atmosphere and biosphere (Seneviratne et al. 2010; Zhang et al. 2014; Srivastava, Han, et al. 2015). 
Soil moisture is regarded as a very important parameter in the global energy and hydrological cycle as it controls the partitioning of available energy at the Earth’s surface (Patel et al. 2009; Piles et al. 2016). Accurate estimation of SSM is also required in surface and sub-surface water management for different applications such as irrigation scheduling for improving crop yield prediction (Brocca et al. 2012; Holzman et al. 2014). In addition, spatially information on the soil water status is of key value in hydrological studies; for example in determining the potential for runoff and erosion (Petropoulos, North, et al. 2015). In addition, through evapotranspiration, soil moisture provides a significant source of moisture for clouds and precipitation formation over land (Hassler and Schymanski 2016). Furthermore, measurements of SSM are also very valuable for studies related to ecological processes (García‐Baquero et al. 2016). Last but not least, SSM is a very important parameter in climatology, storing and later releasing heat (North et al. 2015).
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Figure 1.  The soil zones (adopted from Petropoulos, Ireland, et al., 2015)

Ground measurements to infer SSM have certain advantages. Those provide a direct measurement, the instrument portability, the simple installation, operation and maintenance, the ability to provide measurement at a desired depth and also the relative maturity and stability of the methods. Nevertheless, those techniques are generally difficult to implement, especially over large areas. This is because deploying a network of in-situ sensors can be difficult, costly and labour-intensive. In addition, their use often requires the installation of extensive equipment in the field and this typically determines only localised estimates of SSM, which must be later aggregated for measuring the parameter over large spatial scales (Petropoulos and McCalmont 2017). 
The advent of Earth Observation (EO) has led to a considerable amount of work being done towards the investigation of the utilisation of this technology for deriving spatio-temporal estimates of SSM (Srivastava et al. 2016). Many algorithms for soil moisture retrieval are in technical literature exploiting information from different remote sensing sensors. Nowadays, use of EO has generally been recognised as the only viable solution for obtaining estimates of SSM in a globally consistent and economically feasible manner and at the spatial and temporal scales and accuracy levels required by many applications (Cho and Choi 2014; Petropoulos et al. 2017).
This paper provides a synthesis of the efforts made towards the retrieval of SSM from EO data acquired from the optical and thermal infrared (TIR) parts of the electromagnetic radiation (EMR) spectrum, covering also synergistic approaches with microwave (MW) data. The paper is structured as follows: first the key advantages of EO technology for the estimation of SSM are outlined. Subsequently, an in-depth mapping of the state of the art in the EO-based estimation of SSM is provided underlining its advantages, limitations and future opportunities and challenges. After this, the main challenges in estimating SSM from the EO systems covered herein are discussed. The paper closes with a few suggestions on possible avenues on which future research could be directed to improve our ability to estimate SSM using such EO data.  

2. EO TECHNOLOGY IN SSM ESTIMATION
EO is often the most cost-effective means of acquiring data, in contrast for example to ground-based instruments. Furthermore, remote sensing is particularly practical for areas in which man-made ground measurements are limited or unavailable. Besides, EO permits repeatedly monitoring parameters at a range of scales raging from local to even continental, allowing examination of the same area of study at multiple scales because of a number sensors available in the orbit. With remote sensing it is possible to assess the spatial variability of soil moisture, and if observations can be made repeatedly; it is also feasible to measure their temporal variability (Chen et al., 2014; Petropoulos, Ireland, et al. 2015; Bao et al., 2018). 
Observations specifically from optical remote sensing systems acquiring information in the region of EMR spectrum between 0.4-0.7 µm, allow the derivation of information on the spatial distribution of a number of parameters characterising vegetation health, whilst thermal infrared observations allow detailing the land surface temperature structure which has a direct relationship to heat flux parameters. Particularly the exercise of TIR remote sensing data to infer regional and local scale SSM (acquired in the region between 3.0 to 14 µm) has been comprehensively studied during the past 3 decades and substantial progress has been made in this domain (Li et al. 2009; Petropoulos, Ireland, et al. 2015). On the other hand, microwave (MW) remote sensing (see Figure 2) – although is not covered herein extensively - offers some key advantages over other spectral remote sensing techniques in terms of SSM retrievals since in those wavelengths: 1) The atmosphere is effectively transparent and provide data in all weather conditions, 2) High capability in retrieving information of underlying surfaces beneath vegetative surface, 3) The MW measurement is very much dependent on the target dielectric properties which for bare soil is largely a function of the amount of water present, 4) Measurement is independent of solar illumination making both daytime and night observations. 


3. OPTICAL & TIR REMOTE SENSING IN SSM RETRIEVALS
Recent advances in EO have shown that a number of techniques are available to facilitate SSM retrievals (e.g. Petropoulos, Ireland, et al. 2015; Zhang and Zhou 2016; Bao et al., 2018). Herein an overview of the EO techniques for SSM retrievals using optical, thermal as well as synergistic techniques is presented. A summary of the methods are provided below in Table 1 along with their advantages and disadvantages. 








Table 1. Relative strengths and limitations of the different EO-based SSM retrieval approaches requiring data acquired ired in the regions of EMR covered in this paper (in agreement with Petropoulos, Ireland, et al. 2015 & Zhang and Zhou 2016)
	METHODS
	ADVANTAGES
	DISADVANTAGES

	Reflectance-based methods
	Good spatial resolution, several satellites in orbit, hyperspectral sensors promising, mature technology
	Weak relationship to SSM when increasing the vegetation cover, opaque during cloudy conditions and night time, poor temporal resolution

	Thermal Infrared-based methods
	Good spatial resolution, many satellites available, methods relating SSM to thermal inertia show promise
	Weak relationship to SSM when increasing the vegetation cover, not applicable during cloudy conditions, poor temporal resolution, SSM retrievals sensitive to Earth's atmosphere

	Optical & Thermal Infrared
	High spatial resolution, wide range of satellite sensors to choose from, simple & straightforward implementation, based on mature technology 
	Algorithms are empirical and of site specific nature (transferability difficult), limited to cloud-free & daytime conditions, poor temporal resolution nadpenetration depth

	MW & optical & TIR
	Vegetation and surface roughness effects can be minimised
	SSM scaling & validation issues, different SSM measurement depths
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Figure 2. Left: The regions of the EMR spectrum in which MW data is acquired; Right: Vegetation influence on backscatter at three different wavelengths (adopted from Petropoulos, Ireland, et al. 2015)

3.1 Optical Sensing of Surface Soil Moisture 
Use of optical remote sensing in SSM retrievals started mid of 1970's (Johannsen 1970). Herein, an overview of the available methods is provided, which, for consistency and efficiency purposes, has adopted the same methods’ categorisation proposed in the past (e.g., Zhang and Zhou 2016; Peng and Loew 2017). The available methods can be largely divided in two groups, i.e. the Single Spectral Analysis methods and (2) Vegetation Index Based methods. 
In the Single spectral Analysis methods, Angstrom (1925) was the first who, using laboratory based measurements, demonstrated a decrease in reflectance as soil moisture increases. Jackson et al. (1976) in an early experimental study reported albedos of all dry soils to be two times higher than those of wet soils of the same soil types with exception being the sandy soils. Numerous other studies have proposed relationships linking soil surface reflectance to SSM. Various studies have also reported empirical relationships between single-channel reflectance and SSM (e.g. Stoner et al. 1980; Ishida et al. 1991). Such methods have generally showed reasonable results in terms of SSM prediction for specific soil samples and experimental site conditions. Bowers and Smith (1972) suggested a linear relationship between SSM and  the water absorption band. In another study , Dalal and Henry (1986) proposed the retrievals of SSM by using the near infrared region. Nonetheless, as those are empirical approaches provide only a poor indication of SSM because are affected by the large variability in spectral characteristic of a soil which is affected by parameters  such as organic carbon, soil texture and type, topography and surface roughness (Birchak et al, 1974; Wang and Chudhury 1981). The impact of these factors can lead to strong deviations  when applied outside the local calibration conditions (Wang and Qu 2009).
Apart from empirical models, relationships between SSM and surface reflectance have been established using physically based models. For example, Lobell et al. (2002) proposed a physical model and showed an exponential relationship between soil reflectance and SSM on the basis of an analysis of four different soils at various moisture contents. Their model was expressed as: 


        (1) 

Where Rdry is the dry soil reflectance, c is a variable used to characterise the change rate induced by SM, s refers to the soil saturation, and f to the saturation rate. 
However, even if these empirically-based approaches have generally been proven adequate for estimating soil surface moisture under conditions close to those used for calibration, serious issues frequently emerge when they are applied outside these conditions as the spectral characteristic of soil is affected by various soil attributes (such as soil moisture, organic matter, soil type) that can vary significantly (Huan-Jun et al. 2009; Soriano-Disla et al. 2014). Additionally, since different spectral bands respond to variations of soil moisture in different ways, the quantification of SSM impacts on soil reflectance with different types of soils is a complex process using a single spectral analysis method alone. Last but not least, such techniques being statistical/empirical models are characterised by the lack of detail on describing the physical basis to quantitatively determine SSM.
One of the most widely used techniques is based on computing the relative reflectance that is then linked to surface soil moisture. This technique, using only one wavelength, aims to reduce the soil type effect by normalizing the reflectance by that observed under dry conditions over the same soil. A different approach exploits the change of reflectance sensitivity to moisture as a function of the wavelength for minimizing the effect of confounding factors, using derivatives of either reflectance or absorbance. Such methods reduce the effects of factors assuming that they are either constant or vary linearly with the wavelength over the limited spectral domain considered (Chen et al. 1992). 
On the other hand, Vegetation Index methods, the underlying principle is to develop an empirical spectral vegetation index to estimate  the degree of vegetation moisture stress, which can be used for indirect estimates of soil moisture. Examples of such techniques include the crop water stress index (Holzman et al. 2014; Martínez-Fernández et al. 2016) and the vegetation anomaly index (Petropoulos, Ireland, et al. 2015). 
Given the high sensitivity of the vegetation index to water stress, some vegetation indices have been extensively used to detect and monitor drought conditions. Yet, interpretation of time analysis results from  such indices should be cautiously interpreted, as changes depicted may be due to other factors (e.g., changes in vegetation types and ecosystem differences in an area). Among other researchers, Weidong et al. (2002) examined the changes in spectral reflectance of different soil types for variations of SSM ranging from very low to very high values, for diverse wavelengths and various soil types. This study reported that at low soil moisture levels, the reflectance is inversely proportional to the changes in moisture; however, after a critical point, soil reflectance show an increase with the changes in soil moisture. 
An example of a widely used vegetation index linked to estimating SSM is the so-called normalized difference water index (NDWI), proposed by Gao et al. (1996). NDWI exploits spectral information acquired in the region of 1.24 µm because this part of the electromagnetic spectrum is sensitive to SSM content and also this index is insensitive to the atmospheric conditions. The NDWI is defined as:


                        (2) 
where ρ is the reflectance. 
Wang et al. (2008) suggested using the normalized multi-band drought index (NMDI), this essentially being a modified version of the NDWI offering an improved sensitivity to drought monitoring.  NMDI uses spectral differences between the 1.64 µm and 2.13 µm for soil and vegetation, respectively, computed as follows: 

                (3) 
Recent studies have focused on exploring the use of hyperspectral sensors in SSM retrieval. The hyperspectral data has generally shown promising results in SSM retrievals (e.g. Demattê et al. 2006; Heusinkueld et al. 2008). However, its usefulness needs to be further explored. Overall though, it is generally accepted that even to date, techniques utilising reflected spectral information from only the reflective part of electromagnetic radiation are not capable of accurately measuring SSM. This is because there are too many noise factors (e.g., organic matter, roughness, texture, plant cover), which eventually make the exploitation of such techniques impractical and non-viable (Moran et al. 2004). 
In summary, despite the large number of optical EO systems currently in orbit, a limited body of literature exists on the exploitation of VIS, NIR, SWIR and/or hyperspectral remote sensing observations on the retrieval of SSM. This is due partly to the fact that optical EO measures the reflectance or emittance from only the top millimetre(s) of the surface. Besides, soil reflectance measurements are strongly affected by the soil composition, physical structure, and observation conditions. Because of these limitations, efforts to directly relate soil reflectance to moisture have achieved success only when models are fitted to specific soil types in the absence of vegetation cover (e.g., Muller and Décamps 2000). Nevertheless, one of the key advantages of reflectance-based methods is that those are based on a mature technology. Last but not least, the ability of satellite EO systems that operate in this part of electromagnetic radiation spectrum to provide estimates of SSM at high spatiotemporal resolutions, in comparison to other types of sensors such as microwave instruments, is an important advantage that cannot be underestimated. 

3.2 Thermal infrared methods for SSM retrievals
SSM estimation using TIR observations is primarily based on the thermal properties of soil and water availability in the soil (Campbell and Norman 1988). These methods use thermal inertia, a parameter describing the ability of soil to resist to temperature change. The thermal inertia method is in common use for soil moisture content estimation from TIR observations (e.g., Cheng et al. 2006).
Generally, thermal inertia estimation requires information on the soil heat capacity and on soil thermal conductivity and can be computed as follows: 


            (4) 

where λ is the soil thermal conductivity, ρ is the soil bulk density, and C is the soil heat capacity. An increase in SM results to an increase of the thermal inertia reducing the diurnal amplitude variations of the land surface temperature. 
Surface temperature is primarily dependent upon the thermal inertia of the soil, while the latter is dependent upon both the thermal conductivity and the heat capacity of the soil water content (Olsen et al. 2013). Consequently, a measurement of the amplitude of the diurnal temperature change allows develop a relationship between the temperature change and soil moisture. A number of studies have been proposed for this purpose. For example, Ma and Xue (1990) proposed the following relationship between thermal inertia and soil moisture: 


											(5)                                           

where ds is the soil density, d is the water density, and w is the weight percentage of soil moisture.
However, the association between diurnal temperature and soil moisture is dependent on soil type and is limited to bare soil conditions to a large degree (van de Griend et al. 1985). Therefore, it cannot be applied for large-scale soil moisture monitoring. In this regards, the other approaches for SSM retrievals from TIR observations is based on thermal bands in conjunction with vegetation indices derived from visible and NIR wavebands. In this context, various mainly empirical methods for mapping soil moisture over a given area were suggested based on correlations of SSM with radiometric satellite measurements in both visible and thermal bands (Price 1980; Friedl and Davis 1994). However, such methods are accompanied by all the limitations of empirically-derived methodologies discussed earlier as well (e.g., lack of transferability to other regions, fine-tuning, weakness to describe physical processes, etc). On the other hand, these approaches can provide estimates of SSM at high spatial resolution using mature technology in terms of sensor technology. 

3.3 Synergistic methods for SSM retrievals
During the last three decades, a series of studies have focused in exploring the synergistic use of remote sensing observations acquired simultaneously in the optical (visible and near infrared, VNIR), TIR and MW parts of the electromagnetic spectrum in SSM retrievals. Those approaches aim to address the complementarity (independent information) and interchangeability (similar information) between EO data types for this purpose. The development of synergistic approaches is to address and resolve the difficulties encountered in discriminating the vegetation effect for soil moisture retrieval (Barrett et al. 2009). Most data fusion or synthesis studies in the past have dealt with synergies between (1) optical and thermal observations, (2) MW and optical/thermal observations, and (3) the synergy between active (SAR) and passive (radiometer) microwave remote sensing (with the last one not being covered herein). An overview of the first two types of those synergistic approaches is provided in the following sections. 

3.3.1 Methods based on the synergies between Optical and TIR data
Since the early 1980’s, several studies have documented the presence of a triangular (or trapezoidal) shape when remotely sensed surface temperature (Ts) and vegetation index (VI) measures taken from heterogeneous areas are plotted in two-dimensional feature space, forming a Ts/VI scatterplot (e.g. Price 1990; Petropoulos et al. 2009). Many such studies have focused on analysing of biophysical properties encapsulated in the Ts/VI pixel envelope, and in associating these and the estimation of SSM as well as of other parameters that characterize land surface interactions. Petropoulos et al. (2009) reviewed the progress made on the topic since then, and the reader is referred to that work for a more detailed review. 
In brief, if an image is cloud free and masked for water bodies , per pixel-level values of Ts and VI collected from any satellite imagery usually form a triangular (or trapezoidal) shape in the Ts/VI feature space, as shown in Figure 3:  
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Figure 3.  Key descriptors and physical interpretations of the Ts/VI feature space “scatterplot” (adopted from Petropoulos et al. 2009)

Each yellow circle represents the measurements for single pixel. Figure 3 showed the Ts/VI pixel envelope captured by each satellite scene. The triangular (or trapezoid) feature space is formed by the variability of Ts and its relation to vegetation with soil water content variations.  The right-hand side border of the triangle (or trapezoid) (the so-called “dry edge” or “warm edge”) shown in Figure 3 is defined by the locus of points of highest temperature. This locus, however, contains points with differing amounts of bare soil and vegetation and is represents limited SSM. Likewise, the wet edge at left hand border (corresponds to low temperature pixels with maximum surface soil water content. Points within the triangular space correspond to pixels with varying vegetation index (i.e. fractional vegetation cover, Fr) and surface soil water content, between those with bare soil and those with dense vegetation. The relatively narrow vertex of the triangular envelope expresses the comparatively less sensitivity of leaf (i.e. vegetation) temperature to changes in soil water content, whilst the much wider base indicates that surface soil temperature is much more influenced by such changes. The potential of relating SSM with a VI and Ts has been thoroughly scrutinized since the early 1980’s. Carlson et al. (1981) were the first who found the existence of a marked relation in a Ts/VI scatterplot between soil moisture, evapotranspiration and vegetation cover. 
The potential of relating soil surface moisture content with a spectral vegetation index (VI) and surface radiant temperature (Ts) has been thoroughly scrutinized since the early 1980’s. Carlson et al. (1986) were the first to find the existence of a marked relation in a Ts/VI scatterplot between soil moisture, evapotranspiration and vegetation cover. Recently, several studies have explored the possibility of linking the satellite-derived Ts/VI feature space directly to SSM, or to indirectly link the physical properties of this feature space to environmental variables, mainly drought conditions. Sandholt et al. (2002) were the first to propose linking the Ts/VI scatterplot with an index, which they termed the Temperature-Vegetation-Dryness-Index (TVDI) for deriving direct estimates of SSM. Validation of their methodology indicated spatially similar patterns in the distributed estimates of soil moisture (R2 = 0.70). Perhaps, one of the key characteristics of this method is its independence from ancillary data used to define the limits of the Ts/NDVI space, which could lead to a broad scope of its application, potentially operationalisation. Nonetheless, the requirement of a full range of variability in land surface conditions within the scatterplot rendered the method inapplicable to uniform homogeneous regions. 
Patel et al. (2009) explored the use of the Sandholt et al. (2002) method to map SSM in a region in India. Authors parameterized the TVDI method using 8-day composites of NDVI and land surface temperature products acquired from the MODIS sensor. TVDI-derived soil moisture maps were compared against in-situ estimates acquired concurrently to the satellite overpass. The authors found a high correlation between the Ts and NDVI parameters (R2 = 0.8). Furthermore, their comparisons revealed a high correlation between the TVDI and in-situ soil moisture at different depths (0–15 cm, 15–30 cm and 30–45 cm). Correlations between the compared parameters were found higher during the period of sparse canopy cover (lower NDVI) during the spring season (R2=0.49-0.62). Results were attributed to the reduced sensitivity of the TVDI to soil moisture under high vegetation cover (i.e. more than the MODIS NDVI).
Various studies have been conducted attempting to relate the satellite-derived Ts/VI feature space to drought conditions, and thus indirectly to SSM distribution. A large number of those studies have their basis on the estimation of spectral indices allowing to combine information from both the reflected and TIR parts of electromagnetic radiation. For example, Wan et al. (2004) suggested the Vegetation Temperature Condition Index (VTCI) for retrieving information on the spatial variation in drought condition.  The authors suggested that the VTCI isolines can be drawn in the NDVI versus Ts scatterplot with the upper limit of the triangle representing the NDVI maximum and the lower limit representing Ts at maximum NDVI. Ghulam et al. (2007) developed a new drought monitoring method, the perpendicular drought index (PDI) using reflectance of near infrared (NIR) and red (Red) bands of the ETM+ image. 
A different group of approaches to the estimation of surface soil moisture content from Ts/VI feature space measures has been based on the coupling of these data with a Soil Vegetation Atmosphere Transfer (SVAT) model. In this method, the estimated soil water content is obtained from a parameter called the ‘moisture availability (Mo)’, a parameter loosely equated with the fraction of field capacity for the SSM, the latter being typically about 0.34 by volume. In the beginning of 1990’s, Carlson et al. proposed a method that provided estimates of surface energy fluxes and SSM over partially vegetated canopies with the help of a boundary layer model (BML) and two image products: the Ts/NDVI scatterplot and the “arch” diagram (Coakley and Bretherton 1982). The two diagrams were used to identify the asymptotic limits of the sunlit leaf and the sunlit bare soil temperature and also to qualitatively assess the level of noise produced by small variations in soil moisture and leaf shading. The SVAT was used to estimate soil surface and root zone water contents, given the asymptotic vegetation and bare soil temperatures, derived from the aforementioned diagrams. Based on Carlson et al. (1990), Gillies and Carlson (1995) introduced a new method for the retrieval of spatially distributed maps of Mo. The outputs from a SVAT model were coupled with the Ts and VI (here the Fr was used as the latter is a physical quantity in terms of a SVAT model contrary to the NDVI) EO data via empirically-derived correlations developed between the relevant input (e.g. Fr, Mo) and output (e.g. LE, Ts) parameters of the physically-derived model, parameterised for the time of satellite overpass. These correlations were then used with the EO values of, for example Fr and Ts, to retrieve Mo at each image pixel as follows: 

           		(6)

where *Fr and *LST can be obtained by using the following relations (7 and 8):


	(7)

		(8)

where, LST and NDVI are observed surface temperature and the Normalised Difference Vegetation Index used in the triangle model respectively, and the subscripts o and s stand for bare soil and dense vegetation respectively. 
 This method’s accuracy in retrieving Mo was evaluated by different investigators suggesting a promising ability of this technique (e.g., see studies by Capehart and Carlson 1997; Gillies et al. 1997; Carlson 2007; Wang et al. 2007; Petropoulos and Carlson 2011; Petropoulos et al. 2016 – see Figure 4). 
All in all, the key advantages of the methods that utilise the synergy between optical and TIR EO data help in development of SSM algorithms and provide missing data in real time (namely a vegetation index and surface temperature). In addition, these techniques incorporate all the advantages of both the optical and TIR methods previously reviewed (i.e., they provide fine spatial and temporal resolution for SSM estimation, and they employ the use of mature technology with broad knowledge, data easily accessible from operational satellites, long historical data). Also, many of these techniques are able to provide relative satisfactory estimates of SSM over partially or fully-vegetated regions, conditions which limit the performance of other techniques for estimating soil moisture (e.g., when MW data is used, as it will be discussed next).  Other key advantages of the Ts/VI methods with respect to SSM estimation generally include their ability to be largely independent of ancillary surface and atmospheric information and their ability to better deal with land surface heterogeneity. In addition, many of the aforementioned synergistic methods require for their practical implementation a full spatial coverage or at least very wide range of both VI and surface moisture within the study region, a condition that in general cannot be satisfied over large homogeneous areas. In our view these are some of the main reasons that justify the continuous interest of the scientific community in these methods to date.
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Figure 4. The “triangle”-inverted map of instantaneous (Mo) derived from the “triangle” method of Gillies et al. (1997) using ASTER imagery shown here for March 30th, 2004 for The Netherlands (adopted from Petropoulos et al. 2016)

3.3.2  Methods based on the Synergy between Optical, TIR & Microwave Data
A number of researchers have explored the relative advantages of microwave as well as optical/IR remote sensing approaches for a more accurate estimation of SSM. Researchers in this area utilises both the active and passive EO data in combination with optical/TIR data. This allows the minimisation of the vegetation biomass and surface roughness effects for SSM retrieval (Bao et al. 2007; Bao et al. 2014). However, in this method one major issue to tackle is that of data scaling and validation of the derived SSM estimates (Moran et al. 2004). 
A number of studies have explored the synergy of microwave and optical/TIR data for SSM content retrieval. For example, Yang et al. (2006) developed a technique to estimate the change in the surface soil moisture using C band Radarsat ScanSAR mode data and optical data (Landsat TM and AVHRR). The optical data were used in their method in order to reduce the effects of vegetation cover to the radar backscatter that was later used for inferring the soil surface moisture. Authors validated their proposed scheme by comparing their predictions of soil moisture content with corresponding estimates derived from the Southern Great Plain Soil Moisture Experiment in 1997 (SGP97). Authors reported a good agreement with the ground soil moisture measurements in terms of ratio, with a Root Mean Square Error (RMSE) of 1.14. 
Kuruku et al. (2009) proposed a pixel-based image fusion technique by using Radarsat-1 Fine Beam mode SAR image with SPOT-2 imagery for determining soil moisture. Hence the fused image gave a better result regarding the water/moisture content of the planted fields. The authors demonstrated their proposed method for a partially vegetated region in Turkey for which gravimetric soil moisture estimates were available at a time concurrently to the satellites overpass times. In another work, Temimi et al. (2010) suggested a technique for deriving SSM based on the synergy of passive MW data from AMSR-E instrument, data in the visible wavelengths from MODIS sensor and topographic attributes derived from the SRTM Digital Elevation Model. They applied their proposed scheme for mapping the spatial and temporal evolution of soil wetness in the Peace Athabasca Delta, PAD, located in the Mackenzie River Basin in Canada. In that study, AMSR-E at frequency 37 GHz data and discharge observations were used for development of basin wetness index (BWI), which can be used for assessment of flooded areas with correlation coefficients of ~0.7 (between the disaggregated wetness index and the observed precipitations). More specifically, Chauhan et al. (2003) revisited and developed a variation of the Ts/VI “triangle” method of Gillies et al. (1997) for high-resolution (1 km) SSM estimation for operational applications through National Polar-orbiting Operational Environmental Satellite System (NPOESS). The SSM estimated by the method was found in good agreement with an RMSD of the order of 5% in SSM estimation. More recently, Piles et al. (2014, 2016) proposed a variant of the “triangle” technique or downscaling the operational SSM estimates provided by the SMOS passive MW sensor using either polar orbiting (MODIS) or geostationary orbit (SEVIRI) data synergistically with the passive MW data acquired from the SMOS radiometer (e.g., see in Figure 5 an example of SMOS downscaled maps from the Piles et al. (2016) methodology). The Piles et al. (2016) methodology enabled: (1) enhancement of the spatial resolution of the SMOS SSM estimates to 3 km spatial resolution, and, (2) temporal extrapolation of the instantaneous fine-scale downscaled SSM estimates acquired every 15 minutes from SMOS between 6 a.m. to 6 p.m. to a “daytime SSM” estimate. This study was a key advocate of the synergy of SMOS and SEVIRI provides a pathway to enhance SSM retrievals accuracy taking full advantage of the new observational records of SSM and operational geostationary information.
At L-band, one popular model for soil moisture retrieval is τ–ω model, based on the two parameters i.e. the vegetation optical depth τ and the vegetation scattering albedo ω. Both the parameters are used to simulate vegetation attenuation properties and the scattering effects within the vegetation layer. The low vegetation τ − ω model can be expressed as: 


 					(9)







where and  are the effective soil and vegetation temperatures, is the soil reflectivity,  the single scattering albedo, the vegetation attenuation factor. The last term can be computed from the optical depth  as:

									(10)



To model the optical depth, several studies found that  = bp∙VWC, where VWC is vegetation water content. The VWC can be estimated from LAI following the approach developed by (Wigneron et al. 2007). An analysis made over agricultural crops from Institut National de la Recherche Agronomique (INRA) data sets showed that the VWC / LAI ratio is about 0.5 kg/m2 when the vegetation is well-developed.
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Figure 5.  SSM distribution over the REMEDHUS network for the SMOS/SEVIRI L4 Instantaneous (left) and the SMOS/SEVIRI L4 Daytime Average (right) obtained for a dry day on July 31st 2011 (top) and a wet day on December 27th 2011 (bottom). Blue lines are rivers; black triangles denote REMEDHUS stations (adopted from Piles et al. 2016).


4. CHALLENGES & FUTURE OUTLOOK
From the review conducted, it is evident that at present, observation and prediction of SSM is performed by means of quite diverse and disconnected approaches. 
Although there are number of EO sensors are in orbit with promising accuracy results (reported by different techniques) for SSM retrieval from space, still there are number challenges exist for an improved estimates of SSM. Perhaps the key challenge is that the spatial and/or temporal support volumes do not sufficiently represent the spatio-temporal dynamics/variations and uncertainties of SSM at small scales. In operational applications, sub-daily information of SSM is needed to initialise and update forecast, storm water management, flood or hydrological models. Therefore, the development of synergistic approaches by using the EO data would provide SSM information at the requisite spatio-temporal scale for the monitoring of hydrological processes and applications.
Given the above, it is clear that in order meet the high spatial and temporal resolutions SSM information for watershed management it is necessary to direct efforts towards the exploitation of the synergistic use of remote sensing systems in deriving more accurately estimates of surface heat fluxes and surface SSM from space. Therefore, the current availability of multiple satellite observations demands further investigation with respect to their potential synergies for development of new or improved SSM operational products and algorithms. This is an area of key priority of investigation at present, and the outcome of this research remains to be seen.  
Several challenges exist for researchers to use satellite soil moisture for water resources applications. In visible/IR or microwave remote sensing of soil moisture, one major problem is the shallow penetration depth, which cause an incomplete information of soil moisture profile. Furthermore, during cloudy conditions the soil moisture retrieval from visible/IR satellite products becomes impossible. Microwave has some advantage over visible/IR, as it provides datasets in all weather conditions (Srivastava, O’Neill, et al. 2015). However, there is possibility of Radio Frequency Interference (RFI) contamination in the signals (Islam et al. 2015). In addition to the shallow penetration depth that limits remote sensing estimates of soil moisture, another problem is pixel heterogeneity, which can have significant impact in conditions of varying land use (Kerr et al. 2016). Another important problem in satellite soil moisture retrieval is the vegetation, which is not totally transparent in satellite remote sensing and hence causes uncertainty in soil moisture retrieval (Petropoulos, Ireland, et al. 2015). Besides the problem of vertical profile resolution due to penetration depth limitations, other important problems involve the spatial and temporal resolutions of the retrieved soil moisture (Srivastava et al. 2013). As soil moisture is highly variable both spatially and temporally, hourly records are needed in many applications such as irrigation water management, flood, drought and discharge prediction, which is currently not possible from any of the satellite in orbit.
[bookmark: _GoBack]There are several other challenges with respect to the uses of datasets and format in which the dataset are provided. Providing the dataset in easily accessible format may give users to utilize the data in an easier way (for e.g. geotiff, hdf etc). Further refining of soil moisture retrieval algorithms in terms of correct representation of roughness factors and vegetation scattering albedo are needed to provide better soil moisture estimates especially over forest. Further broad classes of land use/land cover are generally used in the soil moisture retrieval algorithms, systematic generation of high resolution land use/land cover with fine categories may provide a better soil moisture with high accuracy. Similarly with soil type also, incorporation of fine scale soil texture data in SSM retrieval algorithms can enhance the products for different applications. The shallow depths sampled by satellites are not ideal for many applications which require root-zone SM estimates. Hence, further work is needed to investigate the relationship between root-zone and SSM (Srivastava et al., 2016).
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